Abstract The use of pneumatic devices is widespread among different industrial fields, in tasks like handling or assembly. Pneumatic systems are low-cost, reliable, and compact solutions. However, its use is typically restricted to simple tasks due to the poor performance achieved in applications where accurate motion control is required. This paper presents a novel nonlinear controller, using neural network-based models, that allows the use of common industrial servopneumatic components in applications where fine trajectory following tasks is required. Furthermore, several experimental trials show that the system is highly robust to payload variation without any controller retuning. These results encourage the use of pneumatics actuators in a set of applications for which they have not been traditionally considered.
Introduction
Pneumatic devices are inexpensive, clean, do not overheat, do not produce magnetic fields, and present a high power to weight ratio. Furthermore, pneumatic energy is readily available in most manufacturing facilities. Despite these facts, pneumatic systems are seldom used in applications where fine motion control is needed, like for example welding, robotic manipulation, or fluid injection. This is caused by the highly nonlinear behavior of pneumatic systems that makes them very difficult to model and control. The evolution in computer processing of recent decades endorsed the possibility of applying highly evolved nonlinear control and modeling techniques to servopneumatics. This factor along with the appearance of certain applications for which pneumatic systems are a natural choice gave rise to a refreshed interest of researchers around the world on this subject. For instance, in [1] , Kagawa et al. describe an application where the fast and fine positioning of semiconductor wafers must be obtained in an environment without electromagnetic fields or excessive heat generation. These requirements are naturally fulfilled by pneumatic actuators.
There are several challenging problems in servopneumatic systems modeling. For instance, the model of a servovalve can be developed to be used in valve design and online monitoring of valve operating conditions [2] or more dedicated to control purposes [3] [4] [5] [6] . Regarding the mechanical model, friction is perhaps the most challenging task. The control engineer is usually faced with a difficult tradeoff: how to balance the simplicity required to synthesize the control law while maintaining the complexity necessary for a realistic friction description. Several studies in literature can be found, ranging from the simple, static, Karnopp friction model [7] , to the more complex, dynamic, Lugre model [8] and its evolutions [9] .
The model of each pneumatic chamber can be obtained using thermodynamic laws and is a second-order model with temperature and pressure as state variables [10] . This model is usually simplified by neglecting the temperature dynamics and considering a polytropic process. Guidelines on which reduced order model to use can be found in [11] . It is also possible to find in literature studies with a high level of detail in mechanical modeling. For instance, the model developed in [12] accounts for the end of stroke cylinder cushioning and the model developed in [10] accounts for the connecting tube pressure dynamics.
Very different control strategies, ranging from classical PID [13] to fuzzy logic [14] , are used to handle servopneumatic systems challenges. One of the most used control strategies is state feedback. It is possible to find studies using linear state feedback since the 1980s ( [15, 16] ) up until more recently [17] . Nonlinear state feedback techniques [18, 19] have also been applied to servopneumatics for instance by Richard and Scavarda in [3] and, more recently, by Richard and Outbib [20] . This technique can also be found in a recent study by Xiang and Wikander [21] where excellent experimental results are reported in positioning tasks. Despite this fact, it is not possible to find in [21] either trajectory following results or robustness tests to parametric changes. Other interesting control techniques also applied to servopneumatics are gain scheduling techniques [22, 23] and adaptive control [24] [25] [26] [27] .
In order to cope with the high uncertainty of pneumatic system modeling, several studies use variable structure controllers (VSC) [19] . For instance, Drakunov et al. [28] developed an interesting control architecture that integrates different techniques for the mechanical and the pressure dynamics: a VSC controller is used for the pressure dynamics and a nonlinear state feedback is used for the mechanical dynamics. Other studies using VSC controllers where developed by Pandian et al. in [29] and by Richer and Hurmuzlu in [30] . It is also possible to find applications of high-order sliding mode controllers [31] in pneumatics, for example in the study developed by Smaoui et al. in [32] .
Another approach that has been tested in servopneumatic systems is the use of artificial neural networks (ANN) and fuzzy logic-based control [14] . For instance, in [33] , Junbo et al. developed a controller that is an online-trained threelayer ANN with a non-conventional training algorithm also developed in [33] . This study has also an interesting particularity: the valves attached to the cylinder are proportional pressure-reducing valves. In a more recent study, Lee et al. [34] use ANN to compensate friction effects, in a similar way to the one followed in the present work. Sinusoidal position references with different amplitudes (30 to 70 mm) and frequencies (0.1 and 0.5 Hz) are used to test the performance of the controlled system. The maximum tracking error is found to be between 6 and 16 mm.
The costs associated with servovalves can be reduced by using less expensive ON/OFF valves [23] . In [35] this approach was applied to a pneumatic system comprising a double-acting cylinder and two ON/OFF valves with 5 ms switching time. The control law is a PID with friction compensation. The reported experimental results are very interesting since that even with a sixfold mass variation the trajectory following error is below 2 mm. In another work [36] , one of the strategies proposed in [35] is enhanced and tested in a vertically mounted pneumatic actuator. Although faster valves are used in [36] (2 ms switching time), results are worse than those obtained in [35] , namely a maximum error of about 4 mm when following a ramp reference.
In most of the above described studies the errors in trajectory following tasks are of a few millimeters and heavily depend on the load. In the present work, an innovative servopneumatic device is presented that can achieve an error below 1 mm, without any controller retuning, when following variable frequency sinusoids with loads ranging from 2.69 to 13.1 kg.
This paper is organized as follows. In Section 2 the experimental setup is described and its complete model presented. Section 3 is dedicated to the presentation of an innovative nonlinear controller which is subsequently tested in Section 4. Finally, Section 5 discusses the main conclusions drawn from this work.
Servopneumatic system

Experimental setup
The experimental setup used in this work includes two subsystems: (1) the data acquisition and control hardware/ software and (2) the electropneumatic components. The data acquisition and control system comprises a PC with data acquisition boards and all the hardware/software needed for signal conditioning. The electropneumatic system presented in Fig. 1 Figure 2 presents a schematic representation of the pneumatic servosystem where P, T, V, and A represent pressure, temperature, volume, and area of each chamber, respectively. The moving mass M can be changed from 2.69 to 13.1 kg and the source pressure P s is set at P s = 7 bar. The mass of air flowing into/from each chamber ( Á m A and Á m B ) is modulated by two servovalves A and B by varying the control action u A and u B , respectively. Notice that although the use of a single five-orifice servovalve is more common in pneumatic literature (see for instance [10, 28, 30] ), considering two servovalves allows an extra degree of freedom that can be exploited to enhance the performance of the system, as it will be presented in Section 3.2.
The analysis of the mathematical model of this system reveals three main blocks (see Fig. 3 ): the servovalves, the actuator chambers, and the motion model.
Servovalves
Consider the three-orifice servovalve represented in Fig. 4 . The port connected to chamber A or chamber B of the pneumatic actuator is called the work port, port S is connected to the pressure source and port M to atmosphere. x v (u) is the valve moving spool position and u is the command input.
Assuming that (1) the variations of the cylinder chambers temperature with respect to ambient temperature are negligible, (2) the pressure source is at ambient temperature, and (3) that ambient pressure, ambient temperature, and source pressure only suffer small deviations from their nominal values, the mass flow through the work port can be written as: [3, 5, 6, 37] Á m ¼ 8 u; P; P atm ; P s ; T amb ð Þ % 8 u; P ð Þ ð1Þ
The knowledge of φ therefore establishes a direct model of the servovalve: given the working pressure P and the command input u, the mass flow crossing the work orifice can be determined. Conversely, for a given pressure P, the function 8 -1 defined in (2) must exist since the relation between u and Á m is biunivoque under normal working conditions (P atm P P s ).
The knowledge of 8 -1 allows the use of Eq. 2 to determine an inverse model of the servovalve: the controller of the system provides a desired mass flow and given the working pressure P, the inverse model delivers u so that Á m is achieved. It is important to mention that the assumption of a constant supply pressure is consistent with common servopneumatic practice since an air accumulator is typically inserted in the circuit feeding line. Furthermore, this assumption avoids an extra degree of freedom in Eqs. 1 and 2, making the mapping of 8 and 8 −1 less complex. In [5] and [6] , artificial neural networks were used to approximate 8 and In this work the interest is focused on IANN since it provides the servovalve inverse model that will be used to determine the control action. This network is a fully connected multilayer perceptron (MLP) with three layers: the first one has 10 hyperbolic tangent sigmoid-tansig, see Eq. 5-neurons, the second one has six tansig neurons and the third has one linear neuron. For background on multilayer perceptrons the reader is referred to [38] .
As explained in detail in [5, 6] and [37] , by using (4) the system model can be written in an affine form, thus enabling the use of some advanced nonlinear control techniques like the ones used in this work (sliding mode control and nonlinear state feedback). A detailed description of the procedures used to obtain experimental data and of the network training is beyond the scope of this paper and is provided in [5, 6] and [37] .
Actuator model
The actuator model can be divided into two parts: the mechanical model, comprising pneumatic, inertia, and friction forces, and the thermodynamic model that describes pressure evolution inside the chambers of the pneumatic cylinder. The mechanical model can be obtained by applying Newton's second law to the system in Fig. 2 :
where F fr and F ext are friction and external forces, respectively, and
is the available pneumatic force with F atm =P atm (A A −A B ).
In this work it is considered that there are not any external forces acting on the cylinder, so F ext =0. The friction model is provided by an offline trained artificial neural network, denominated FANN, whose inputs are the piston velocity and acceleration:
The FANN network is a fully connected MLP with three layers having 10 tansig, six tansig, and one linear neuron, respectively. As presented in [11] , the thermodynamic model describing temperature and pressure evolution inside a pneumatic cylinder chamber comprises two differential equations with temperature and pressure as state variables. This is inappropriate for control purposes since it is mathematically difficult to handle and demands a mass or temperature observer as these variables cannot be correctly measured during operation. 
Due to these reasons, the thermodynamic model is usually simplified, leading to reduced order models. Temperature is the natural state variable to remove since force and motion state directly depend on pressure (see Eq. 6). This work will use the results obtained in [11] , where a comparison study between several reduced order models existing in literature and some new ones was performed. The model given by Eqs. 9 and 10 with n=1.35 was selected as the best model in [11] , and will consequently be used in this work to describe the evolution of pressure inside each chamber. The value of the heat transfer conductance k 0 was experimentally determined using the procedure presented in [39] .
Nonlinear controller
The block diagram presented in Fig. 5 (8) , the motion controller provides a pneumatic force reference F pref . Since two servovalves are used, the choice on how to determine each chamber force reference (F Aref and F Bref , see (11) ) is made by a force division block. Both force controllers provide a desired mass flow reference which is then input to the inverse model of the servovalves to determine the control actionsee previous section.
This control structure presents several innovations. First, the separation between force and motion control allows the use of adequate control laws for each of them. In fact, motion dynamics require a robust control law as there is high uncertainty due to load variation and friction modeling errors. On the contrary, the force dynamic model is less uncertain due to the work developed in [11] and [39] , so a more modeldependent control law can be used, like the nonlinear state feedback (NSF) presented in the next section. This allows for velocity effects on force dynamics to be explicitly accounted for (cf. Section 3.1), leading to a higher bandwidth force control. Notice that this is an original control architecture although other researchers have also separated motion and force control [21] , [28] . In fact, in [21] an NSF-based strategy has been used in both controllers while in [28] the strategy followed was somehow inverse to the one followed in this work: motion control was NSF based and force control was VSC based. Another unique feature of this controller relies on the force division block. As will be presented in Section 3.2, this block uses the extra degree of freedom granted by the use of two servovalves to maximize the force range of the cylinder. To the best of the authors' knowledge, this is the only control architecture that uses an extra servovavalve to enhance a system propriety other than energy consumption. Another original feature of this controller is the use of inverse servovalve models. In fact, as presented in Section 2.2.1, these models enable the force control variable to be the mass flow each servovalve must provide, thus separating the nonlinearities of the force dynamics from the nonlinearities of the servovalve model. All these features concur to a higher controller performance as will be shown in Section 4.
Force controller
Each chamber force controller has two control loops as presented in Fig. 6 . The inner loop contains a nonlinear state feedback [19] controller in order to linearize the force dynamics. The control laws were synthesized using the pressure dynamic model given by Eqs. 9 and 10, leading to Eqs. 14 and 15. The outer loop is based on a proportional control action. Feed forward of the filtered derivative of the force reference was used in order to increase the bandwidth of the closed loop force dynamics. Equations 12 to 15, where s denotes the Laplace transform operator, present the final control laws obtained.
With
where V Ad and V Bd represent chamber A and B dead volumes, respectively, and T A and T B are calculated using (9).
Force division block
The use of two servovalves allows an extra degree of freedom that can be used to enhance the system performance. For instance, in [40] and [41] two servovalves were used in order to reduce the energy consumption, a critical factor in autonomous pneumatic systems. On the contrary, the use of an energy driven force division policy is not straightforward in the present case since it necessarily implies a reduction of the equilibrium pressures and therefore a decrease in the cylinder stiffness. The policy followed in this work tries to maximize the force range of the cylinder by avoiding force saturation of the cylinder chambers. Notice that the available pneumatic force inside a pneumatic cylinder chamber is dependent not only on the maximum available Fig. 7 Range of pneumatic forces in each cylinder chamber pressure but also on the piston velocity. In fact, at steady state conditions, Eq. 10 can be written for each chamber as:
for chamber A and as
for chamber B. Equations 18 and 19 show that for a given mass flow, the available pneumatic force decreases with an increase of velocity. This effect cannot nevertheless be included in a force division policy since the mass flow itself depends on the working pressure. Consequently, it is only possible to take into account the effect of the maximum positive and negative available pneumatic forces F þ p max and F À p max :
where F Amax , F Bmax , F Bmin , and F Amin are represented in the diagrams of Fig. 7 . For positive force references F pref , define the force developed by chamber A (F Aref ) as a fraction Δ A of the total force F pref plus an equilibrium force F A0 =P A0 A A (cf. Fig. 7 ). For F pref <0, define the force developed by chamber B (F Bref ) as an equilibrium force F B0 =P B0 A B minus a fraction Δ B of the total force F pref :
To ensure that positive pneumatic force references are accomplished, the force developed by chamber B (F Bref ) around the equilibrium force F B0 = P B0 A B is defined as:
In a similar way, to ensure that negative pneumatic force references are accomplished, the force developed by chamber A (F Aref ) around the equilibrium force F A0 =P A0 A A must be defined as:
If Δ A is high, then for positive pneumatic force references it is likely that chamber A saturates. Similarly, if Δ B is high, then for negative pneumatic force references it is likely that chamber B saturates. One way to avoid saturation is to ensure that conditions (26), (27), (28), and (29) hold:
Imposing equality on conditions (26) and (28), the following definitions for Δ A and Δ B result:
Notice that substituting (30) and (31) in (27) and (29) ensures the equality condition on these two inequalities. Consequently, for positive force references F pref , chamber A and B force references F Aref and F Bref are therefore determined using (22) and (24), respectively. For negative force references, F Aref and F Bref are determined using (23) and (25) 
Motion controller
The motion controller is a variable structure controller with an adjustable thickness boundary layer ϕ around the switching surface σ in order to reduce chattering. Applying the classical VSC approach presented in [19] to system (6), the following control law results:
with the moving mass estimate b M defined as:
where M min and M max are the minimum and maximum mass bounds of the system, respectively. The motion following errors are defined by
and k vsc is the discontinuous component gain that must conform Eq. 36 so that attractiveness to the boundary layer is ensured [19] .
In Eq. 36 e fr j j max is the absolute maximum error of the friction force prediction and β is dependent on the uncertainty on the moving mass of the system:
The sliding surface used in this particular work is defined by Eq. 38.
An interesting feature of the boundary layer thickness variation law used in this work (see Eq. 39) is that it varies according to the approach angle θ of the system state to the sliding surface, as explained in detail in [42] .
Experimental results
In order to establish the performance of the controller developed in this work, several trajectory following tasks were tested with three different loads: M=M min =2.69kg, M= M med =5.9kg, and M=M max =13.1 kg. The position reference is a sinusoid with amplitude of 0.16 m and a progressively increasing frequency at a rate of 0.0286×π rads
/s (up to ca. π rad/s). For the sake of comparison, the trajectories following tasks were tested not only with the controller developed in this work but also with two reference controllers: a PID and a state feedback controller, presented in the next section.
Datum controllers
Both reference controllers where tuned for the minimum mass configuration as this leads to the system maximum bandwidth. Furthermore, symmetrical control actions were applied to the servovalves, i.e., u A =−u B . The PID was tuned in two steps: first the Ziegler Nichols rules [43] where applied and then a fine experimental adjustment was performed. The final controller parameters are presented in Table 2 . In order to account for velocity and acceleration information, a state feedback (SF) controller was also developed. The SF parameters where determined with the pole placement technique [43] , using an experimentally identified third-order linearized model of the system, presented in Eq. 40, with k lin =0.72 m s
39.2 rads −1 and ξ=0.39.
The closed loop poles were determined so that the system presents the behavior of a Bessel filter [44] as this provides an approximately constant temporal delay between reference and actual position. Acceleration was measured using the accelerometer of the system (cf. Section 2.1) and velocity was measured using a state observer as presented in [45] . Table 2 resumes the SF parameters. Figures 8 and 9 present results of the PID and SF controllers for M min , Fig. 10 for M med , and Fig. 11 M max . Notice that with the PID and M=M max , the piston collided several times with the cylinder heads so the trial was stopped after only ca. 10 s. Regarding the PID results, it is possible to see that for M=M min the maximum following error is ca. 15 mm for low frequencies and ca. 50 mm for higher frequencies. The maximum error occurs mainly when velocity changes sign, emphasizing the important role that static friction plays in the system. The PID performance when M=M med and M=M max is significantly deteriorated, a fact that is expected since the PID does not accommodate significant parameter variation. These trials highlight the need of a PID retuning for each different mass used. Concerning the SF controller, overall results are clearly better than the ones obtained with the PID, revealing the importance of velocity and acceleration feedback. In order to remove the influence of the time delays between reference and measured positions from the analysis, Fig. 9 presents the errors between the amplitude values of x ref and the amplitude values of x for the trial of Fig. 8 . It can be seen that the error ranges from ca. 2 mm to ca. 10 mm and steadily increases with frequency. Another noticeable feature is that the SF controller results appear to be highly independent of the load for the frequency range considered. This fact may once again be justified by the existence velocity and acceleration feedback. b) 5 /6 < < rads -1 Fig. 11 Tracking results for the PID and SF controller: M=M max although the load varies almost 500%. Regarding controllers developed in other research studies, a direct comparison is not possible as the reference type, amplitude, and frequency may differ substantially from the ones used in this work. However, and as detailed in Section 1, most studies present following errors in the range between 2 and 10 mm, so it is believed that the results obtained in this work may represent a significant step towards a more ample use of servopneumatic systems in trajectory following industrial applications. A final remark to underline that the results presented in this section are representative of the system performance since similar conclusions were obtained with references of different amplitudes and shapes. This paper presented an innovative controller for a pneumatic servosystem that achieves high performance in trajectory following tasks. After presenting the neural network-based system model, an original control architecture with three components (motion controller, force division block, and force controller) was developed. The controller performance was subsequently assessed in an experimental setup using standard industrial servopneumatic components. For comparison purposes two datum controllers (PID and state feedback)
were also developed and experimentally tested. Results showed that a sinusoidal position reference with varying frequency can be followed, for frequencies up to π rads ), with errors of only a few millimeters. This performance is much better than the one obtained with the datum controllers and compares very favorably with existing literature results. Furthermore, the controlled system exhibited high robustness to parameter variation since high accuracy results were obtained without any controller retuning even though the payload varied from 2.6 to 13.1 kg. Fig. 15 Tracking results for the controller developed in this work: M=M max
